Summary
Introduction
Cyclic population dynamics are the hallmark of 'exploiter-victim' interactions (Volterra 1926; Nicholson & Bailey 1935) . If a species is observed to have cyclic dynamics, the immediate question is whether these dynamics are driven by exploiter-victim interactions and, if so, is the species the exploiter or the victim. If the species is a herbivore or detritivore, this question becomes whether the cyclic dynamics are caused by predator-prey interactions in which the species is the prey, or by consumer-resource interactions in which the species is the consumer. Other possible causes of cyclic dynamics can be subsumed within these two broad categories. For example, disease-host interactions can be viewed as special cases of predator-prey interactions, and 'maternal effects' (Rossiter 1992 ) that are transferred from mother to offspring are likely mediated through either food (consumer-resource interactions) or disease (predator-prey interactions) (Ginzberg & Taneyhill 1994) . Consumer-resource and predator-prey interactions are not mutually exclusive, and they may combine to augment population oscillations (Keith 1983) . Furthermore, multiple types of consumerresource or predator-prey interactions can act in unison; for example, the combination of predators and nonlethal parasites can lead to cyclic snowshoe hare ( Lepus americanus Erxleben) dynamics that would be noncyclic if either interaction were to occur alone (Ives & Murray 1997) . Finally, cyclic dynamics potentially are driven by cyclic environmental fluctuations, although these will probably be obvious from correlations between population and environmental fluctuations.
The relative importance of consumer-resource vs. predator-prey interactions in driving oscillatory population dynamics has been argued both empirically and theoretically for many species of herbivores. For example, using large-scale manipulative experiments, Krebs et al . (1995) give evidence that the famous snowshoe hare cycles of North America involve both interactions with predators and plants. The relative importance of predator-prey vs. consumer-resource interactions in the cyclic dynamics of microtine rodents and other terrestrial vertebrates in arctic and subarctic areas has been argued at length (Stenseth 1999; Wilson, Krebs & Sinclair 1999; Turchin et al . 2000; Moss & Watson 2001; Turchin & Hanski 2001) , and it is probable that the importance of predator-prey vs. consumer-resource interactions varies from species to species and even between populations of a given species. These arguments are unfettered by the frequent absence of long-term data on predator abundances and plant quality that could be analysed to test between the alternative hypotheses, and the difficulty of performing manipulative experiments at appropriate temporal and spatial scales.
Many insect herbivore populations exhibit largeamplitude fluctuations (Myers 1988) . As is the case for vertebrate studies, there has been considerable controversy about the relative importance of natural enemies (predators, parasitoids and pathogens), plant resources and weather in driving cyclic dynamics. There is strong evidence that the cyclic dynamics of the southern pine beetle ( Dendroctonus frontalis Zimmermann) are driven by predation; experimental exclosures demonstrated that predation increased as pine beetle populations peaked, showing the delayeddensity dependence required for predator-prey cycles (Turchin, Taylor & Reeve 1999) . Similarly, pathogens appear to be key components to the cyclic dynamics of gypsy moths ( Lymantria dispar L.) in the United States (Dwyer et al . 2000) . Conclusive examples of the importance of insect-plant interactions appear rare, but evidence points to consumer-resource interactions driving the oscillations of mountain pine beetle ( D. ponderosae Hopkins) dynamics (Berryman 1976; Berryman, Amman & Stark 1978) . Finally, Azerefegne, Solbreck & Ives (2001) give an example of population cycles of a butterfly which are driven by cyclic weather fluctuations. As with the case of vertebrates, however, examples of insect population cycles for which the causes can be disentangled are rare, due to the lack of data available on natural enemies and food resources of the insects in question.
Studies of aquatic chironomid Diptera at Lake Myvatn, Iceland, conducted since 1977 as part of a monitoring programme, have documented extreme fluctuations in abundance (Gardarsson et al . 1995) . The most abundant chironomid, Tanytarsus gracilentus (Holmgren), exhibits the most regular cyclicity, with abundance ranging over four orders of magnitude and peaks in abundance occurring roughly every 7 years (14 generations). The frequency and magnitude of the cycles make it unlikely that they are driven by weather events, and T. gracilentus has no known parasites in Myvatn. Therefore, there are two competing alternatives to explain the high-amplitude cycles of T. gracilentus : predator-prey interactions in which T. gracilentus is the prey and predaceous chironomids or fish are the predators, and consumer-resource interactions in which T. gracilentus is the consumer and its algal and detritus food is the resource.
In this paper we analyse 23 years of data on the chironomid community of Lake Myvatn to explore possible factors driving the large-amplitude fluctuations in T. gracilentus abundance. First, we analyse the data to document the cyclicity of T. gracilentus dynamics. Properly quantifying the cyclicity requires accounting for measurement error, which is large because the data set consists of samples from only two traps at the lake. Secondly, we ask whether the high-amplitude cycles of T. gracilentus are most probably the consequence of predator-prey interactions or consumer-resource interactions. Our analyses indicate that consumerresource interactions are the most probable source of the high-amplitude fluctuations in T. gracilentus abundance. Thirdly, we assess how much of the variation in T. gracilentus abundance can be attributed to exogenous (environmental) variability and how much can be attributed to population processes including consumer-resource interactions. This assessment reveals the large contribution of consumer-resource interactions to the total variation observed in T. gracilentus abundance. lake is 37 km 2 and is divided into two main basins, the South and North basins. The South basin is the largest, and most of it is 2-3 m deep. Chironomids and chydorid Cladocera are the most prominent benthic invertebrates, and dense mating swarms of chironomids occur on the lake's shores in the summer (Myvatn in Icelandic means 'midge lake'). The most abundant chironomids in the soft sediment are T. gracilentus and Chironomus islandicus Kieffer, and 16 other species occur in appreciable numbers (Lindegaard & Jónasson 1979; Jónsson, Gardarsson & Gíslason 1986; Gardarsson et al . 1995) . Lindegaard & Jónasson (1979) showed that T. gracilentus dominated the zoobenthos of Lake Myvatn, constituting 79% of the individuals and 67% of the total secondary production of the macrobenthos in the period 1972-74. It has two non-overlapping generations per year, the overwintering generation emerging in early June and the summer generation in early August (Lindegaard & Jónasson 1979; Jónsson et al . 1986 ). The larvae build bulky tubes of sediment particles and feed on benthic diatoms and detritus (Ólafsson 1990 ). The adults seem to feed very little, if at all (personal observation). The main predators on T. gracilentus larvae are tanypodine chironomids, two fish species ( Gasterosteus aculeatus L. and Salvelinus alpinus (L.)), and ducks.
Two window traps (see Jónsson et al . 1986 for design) have been operated since 1977 at two sites on the shore of the South basin, separated by 5·2 km. One trap (Sydri Neslönd, SN) is on the north shore, the other (Kalfaströnd, KS) on the south-east shore. Although there are now additional traps at Myvatn, data from these traps were not used because either they do not cover the full 23-year period or the traps were too far away from the main lake to collect T. gracilentus effectively. The traps used for the present analyses were in operation during the ice-free period, from early May to late September each year. Traps were sampled usually every 7-12 days. The traps contained 10% formalin (4% formaldehyde solution) as a preservative with a little detergent added, and in spring and autumn ethylene glycol was added as an antifreeze. The samples were preserved in 70% isopropanol. Most samples were subsampled before further processing. Chironomid samples were divided into males and females, and the former were identified to species. Each sample of the bivoltine species was assigned to an overwintering or a summer generation based on variation in the catch rate of the species in the traps, supported by studies of larval populations in Lake Myvatn (Lindegaard & Jónasson 1979; Snorrason, Ólafsson & Gardarsson 2000) .
We used wing length to assess body size (e.g. van den Heuvel 1963; Sokoloff 1966; Haupt & Busvine 1968; Grimås & Wiederholm 1979; Kazimírová 1982; Rempel & Carter 1987; Packer & Corbet 1989) . Measurements of wing lengths were based on a minimum of 25 individuals collected from a trap catch. In years of extremely low catches less than 25 individuals were measured. The wings were removed, mounted permanently with the rest of the fly in glycerine gelatine and measured, from arculus to tip, with an ocular micrometer in a dissecting microscope (180 × magnification).
Most of the chironomids in a generation were caught by the traps over less than 2 weeks (Jónsson et al . 1986 ). The sample from the period with the highest daily catch rate represents the majority of the individuals from that generation, and this sample was selected to represent a generation in a particular year. For T. gracilentus , there were two samples of body size per year, one for each generation. Male flies were used for the studies of temporal variation in body size. To make sure that the interannual variation in body size also applied to females, wing-length data for females were collected from 17 summer generations at trap station KS.
For comparison with the long-term body size record of T. gracilentus , wing lengths of four other chironomid species caught in the traps were measured. Three of these species, Cricotopus tibialis Meigen, C. sylvestris (Fabricius) and Orthocladius consobrinus (Holmgren), provide examples of species with ecologies dissimilar from T. gracilentus . The fourth species, Micropsectra lindrothi (Goetghebuer), on the other hand, closely resembles T. gracilentus , both structurally and ecologically, and has two generations per year in Myvatn (Jónsson et al . 1986 ). The population record (numbers and wing length) for M. lindrothi extends over the same number of years as that of T. gracilentus , while the measurements of wing length of the other species were stopped in 1988 after no significant correlation was found with T. gracilentus .
The window traps also provided data on two abundant predators on the benthic invertebrates, the tanypodine chironomids Procladius islandicus (Goetghebuer) and Macropelopia nebulosa (Meigen). These are uni-and bivoltine species, respectively, that feed extensively on chironomid larvae and cladocerans, but also detritus (Berg 1995) .

The analyses are divided into three parts. The first characterizes the oscillatory character of T. gracilentus dynamics by calculating the partial autocorrelation function (PACF) of the data while accounting for measurement error. The PACF is a useful tool in identifying the 'dimension' of the dynamics, specifically how many interacting components are needed to create the observed dynamics. The second part tests between the alternative hypotheses that T. gracilentus dynamics are driven by consumer-resource interactions, predator-prey interactions, or a combination of the two. This involves analysing the data on T. gracilentus abundance, the abundance of predatory midges, and T. gracilentus wing lengths, which we use as a surrogate for resource abundance. From these data, we select the best-fitting model and ask whether this model includes consumer-resource interactions, predator-prey interactions, or both. This analysis identifies consumerresource interactions as the most probable explanation for T. gracilentus dynamics. We test this conclusion statistically by comparing a model with no interactions between T. gracilentus abundance, the predatory midge abundance and T. gracilentus wing lengths with a model including interactions between T. gracilentus abundance and T. gracilentus wing lengths (consumerresource interactions). To determine whether predatorprey interactions could augment the primary effect of consumer-resource interactions in driving cyclic dynamics, we compare a model with only interactions between T. gracilentus abundance and T. gracilentus wing lengths with a model also including interactions between T. gracilentus abundance and predatory midge abundance. The third part of the analyses quantifies the importance of consumer-resource interactions in driving the high magnitude of the variability in T. gracilentus abundance. This involves partitioning the variance in T. gracilentus abundance into components for measurement error, environmental variability, and variability attributed to consumer-resource interactions.
T . G R A C I L E N T U S 
Analysing the autocorrelation structure of time-series data can give insight into the types of processes that underlie the observed dynamics (Box, Jenkins & Reinsel 1994) , as demonstrated for insect time-series by Turchin (1990) and Sequeira & Dixon (1997) . To illustrate the information provided by the autocorrelation structure of time-series, Royama (1977; see also Royama 1981; Turchin & Hanski 2001) considers the general exploitervictim model of the form
where x t and y t are the victim and exploiter abundances in generation t , and the functions f 1 ( ) and f 2 ( ) are unspecified functions governing the interactions between exploiter and victim. This set of equations assumes that the abundances of victim and exploiter in generation t depend only on abundances in the previous generation, not on the abundances in generations before that. Royama (1977) shows that this pair of equations can be written uniquely in the form
where the function g ( ) depends on the functions f 1 ( ) and f 2 ( ). This demonstrates that exploiter-victim interactions that involve only lag-1 processes give rise to a time-series of victim abundances that is a lag-2 process, with the abundance in generation t , x t , depending on the abundances in the two preceding generations, x t -1 and x t -2 . Similarly, the dynamics of the exploiter can be written uniquely as a lag-2 process.
Thus, if a time-series for a species has a lag-2 structure, it could potentially (but not necessarily) be driven by simple lag-1 processes involving either an exploiter or a victim of the species in question.
To characterize the lag structure of the T. gracilentus dynamics, we calculated the partial autocorrelation function (PACF) from the log-transformed data (Box et al . 1994) , taking the average of the log T. gracilentus numbers at the two traps. The PACF measures the correlation between abundances separated by lag n , removing first the effects of correlations at lags less than n ; thus, the lag-n partial autocorrelation (PAC) measures the correlation between generations t and tn , excluding that component of the correlation that can be attributed to correlations at lags 1, 2, … , n-1. Cyclic dynamics that could arise from simple exploiter-victim interactions are expected to have lag-1 partial autocorrelations that are positive, lag-2 autocorrelations that are negative, and low partial autocorrelations for lags of 3 and greater.
Our data were collected at only two traps, and therefore our assessment of T. gracilentus density in Myvatn contained potentially large measurement error. To calculate the PACF accounting for measurement error, for the lag-n PAC we used the following model:
where x(t) is the observed log-transformed abundance of T. gracilentus in generation t (averaged between traps), x*(t) is the true (unobserved) log abundance of T. gracilentus, γ (t) is a normal random variable giving measurement error, ε(t) is a normal random variable for the unexplained environmental 'process' error, and b 0 , b 1 , … , b n are regression coefficients. The last coefficient, b n , is the lag-n PAC. In this model, measurement error is any form of variation between the true abundance of T. gracilentus and that observed in the traps. Thus, measurement error includes not only variation due to the imprecision of the traps, but also spatiotemporal variation in chironomid abundance in the lake, weather conditions that affect midge swarming, etc. (see Ives et al. 2002) . Equation 1 describes a linear state space model that can be analysed using standard methods (Harvey 1989) . We first estimated the variance of the measurement error γ (t) as the variance in log T. gracilentus abundance between the traps in each generation, averaged over all generations. Because the mean log abundances differed between traps, we subtracted the mean log abundances from the data from each trap before calculating the variance between traps. Coefficients were then estimated using maximum likelihood, with the maximum likelihood function calculated using a Kalman filter. The approximate 95% confidence limits for b n were obtained by parametric bootstrapping (Efron & Tibshirani 1993) . To bootstrap the approximate confidence limits for b n , first the coefficients and the variance of ε(t) were estimated for the lag n-1 model (i.e. the model with b n = 0). Using the resulting model, we simulated 1000 replication data sets using eqn 1 with b n = 0. For each replication data set, we used eqn 1 to estimate the values of coefficients, estimating b n with the other parameters. The resulting 1000 replication estimates of b n approximate the distribution of the estimator of b n under the assumption that b n = 0, and hence the approximate 95% confidence bounds are given by the 2·5 and 97·5 percentiles of the replication estimates.
- . - 
The PACFs revealed strong cyclicity of the T. gracilentus dynamics, with a negative lag-2 PAC and low PACs for greater lags. This pattern suggests simple consumerresource or predator-prey interactions could underlie the observed T. gracilentus dynamics. Therefore, we ask the question of whether the cyclicity of the T. gracilentus dynamics is driven by predator-prey interactions (with T. gracilentus the prey) or consumer-resource interactions (with T. gracilentus the consumer). Because we did not have a direct measure of the resources used by T. gracilentus, we used wing length as a surrogate. When resources are scarce, growth rates of T. gracilentus will be reduced, resulting in smaller adults. Therefore, provided resources do not regenerate rapidly between generations, the wing length of adults in one generation should be a good predictor of the resource abundance available to the next generation of larvae. Using wing length has the advantage that it measures resources directly in terms of responses of T. gracilentus to resource limitation. Thus, it integrates multiple factors, such as the abundance of diatoms in the profundal zone, the nutrient content of detritus, and the physical alterations that larvae make to the surface structure of the feeding substrate. Using wing length has the disadvantage, however, of providing only an overall measure of resource limitation, thereby making it impossible to study the mechanisms underlying T. gracilentus-resource interactions. Another potential disadvantage of using wing length is that wing lengths are confounded with population abundances; high population abundances in one generation are likely to be associated with short wing lengths in the same generation. To remove this confounding effect, we use wing lengths in one generation only to predict the population abundance in the following generation, rather than in the same generation. In addition to acting as a surrogate for resource limitation, wing lengths will also correlate with the fecundity of females, since larger females often produce more eggs (Peters & Barbosa 1977) ; our analyses do not separate the effects of resource limitation on fecundity in one generation from the survival of offspring in the following generation.
To compare simultaneously the potential effects of predator-prey and consumer-resource interactions, we used the autoregression model
where x(t) is the observed log abundance of T. gracilentus in generation t averaged between traps, w(t) is the observed male wing length of T. gracilentus averaged between traps, y(t) is the observed log abundance of the two main insect predators, Procladius islandicus and Macropelopia nebulosa, averaged between traps, and x*(t), w*(t) and y*(t) are the corresponding 'true' values of these variables. The variable s(t) is used to distinguish between overwintering and summer generations, and equals 0 for the overwintering and 1 for the summer generation. If, for example, wing lengths on average are smaller in the summer generation than in spring, the corresponding coefficient b 24 will be negative. The normal random variables ε i (t) give the environmental process errors affecting each variable and are assumed to have covariance matrix Ψ ε whose ij-th element contains the covariance between ε i (t) and ε j (t), with the i-th diagonal element giving the variance of ε i (t). The normal random variables γ i (t) give the measurement error for each variable. The covariance matrix of measurement error, Ψ γ , was estimated from the covariances between variables measured at the two traps, and because the mean values of abundances and wing lengths differed between the two traps, the covariances were computed on the deviations of the values in each trap from the trap-specific means. The coefficients b ij (i, j = 1, 2, 3) give the interaction strength between variables. Because population abundances are measured on a log scale, changes in x*(t) and y*(t) between generations give the per capita population growth rates. Thus, for example, b 13 gives the change in the per capita population growth rate of T. gracilentus caused by an increase in the log abundance of predators. The coefficients b i0 (i = 1, 2, 3) set the mean levels of the variables. Equation 2 is a state space model that can be analysed like eqn 1 (Harvey 1989) . Equation 2 can be thought to describe a collection of models which differ by whether or not each coefficient b ij is set to zero. To select the best model from this collection of models, we use the Bayesian information criterion (BIC). This criterion is similar to selecting the model with the highest R 2 , although BIC adds a penalty factor for each coefficient included in the model, thereby ensuring that a coefficient is included only if it adds sufficient explanatory power to the model (Judge et al. 1985) . An alternative to the BIC is Akaike's information criterion (AIC), which is less conservative (more likely to include parameters) than the BIC. Arguments can be made for and against all model selection criteria (Burnham & Anderson 1998) , so for completeness we discuss AIC and well as BIC results.
Two models can also be compared statistically using a parametric bootstrap likelihood ratio test. Suppose one wanted to test the statistical significance of consumerresource interactions in explaining the dynamics. . A measure of the improvement of the fit to the data of the H 1 model relative to the H 0 model is the difference between their maximum log likelihoods, log L H 1 -log L H 0 . To determine whether the improvement of the H 1 model relative to the H 0 model is statistically significant, we constructed 1000 parametric bootstrap replications of the data set using eqn 2 parameterized under H 0 . For each of these replication data sets, we calculated log L H 1 -log L H 0 . The resulting 1000 values give the approximate distribution of log L H 1 -log L H 0 under the assumption that H 0 is correct.
 .  
Applying the preceding analyses to the data identified consumer-resource interactions as the source of cyclicity in T. gracilentus dynamics. To investigate these dynamics in more detail, we used the reduced model
where the parameters are defined as for eqn 2. In eqn 3, the total variability in log T. gracilentus abundance and wing length can be measured by the standard deviations of x*(t) and w*(t), denoted σ x * and σ w *, respectively. The exogenous variability to the system can be measured by the standard deviations of ε 1 (t) and ε 2 (t), σ ε 1 and σ ε 2 , the unexplained process error affecting log T. gracilentus abundance and wing length. A natural measure of the importance of endogenous factors in increasing the variability of the system is the standard deviation of the log T. gracilentus abundance relative to the standard deviation of the environmental process error affecting its per capita population growth rate, σ x */σ ε 1 . Similarly, the ratio σ w */σ ε 2 measures the amount that endogenous processes amplify the environmental process error to produce the observed variability in wing length (e.g. Ives, Klug & Gross 2000) . The data, and the corresponding model given by eqn 3, present two problems in calculating σ x */σ ε 1 and σ w */σ ε 2 : the observed abundances and wing lengths include measurement error, and there is a seasonal effect on abundance and wing length. These problems can be removed by calculating the theoretical values of σ x */σ ε 1 and σ w */σ ε 2 that would occur if abundance and wing lengths could be measured without error and there were no effects of season. Specifically, σ x */σ ε 1 and σ w */σ ε 2 can be calculated from eqn 3 when measurement error is removed by setting the variances of γ 1 (t) and γ 2 (t) to zero, and setting the indicator variable for season, s(t), to zero, while using the estimated values of the other coefficients.
Coefficients for eqn 3 can be estimated in the same manner as for eqns 1 and 2. In addition, we obtained approximate 95% confidence intervals for the parameter values using parametric bootstrapping (Efron & Tibshirani 1993; Ives et al. 2002) . Using the coefficients estimated from the data, we simulated 1000 replication data sets using eqn 3. For each replication, we used eqn 3 to estimate the coefficients. The resulting 1000 values for each coefficient give the approximate distribution of the estimator of the coefficients, and the approximate 95% confidence intervals are given by the 2·5 and 97·5 percentiles of the replication values. We used a similar procedure to obtain approximate 95% confidence intervals for σ x */σ ε1 and σ w */σ ε 2 , the measures of the importance of endogenous factors in amplifying the exogenous sources of variability in T. gracilentus dynamics.
Results

T . G R A C I L E N T U S 
T. gracilentus showed three oscillations with high densities in 1978-82, 1986-87 and 1991-96 (Fig. 1) . The trap catches per generation numbered tens or hundreds in years of low abundance but reached up to a million in peak years (Fig. 1) . The oscillations were not regular, with the first cycle lasting 7-8 years, the second 4-5 years and the third 9-10 years. On average, the trap at KS caught more T. gracilentus than the trap at SN, and there was also considerable variation between traps.
The standard PACF applied to the raw data (Fig. 2a ) exhibited a strong positive lag-1 PAC, a moderate negative lag-2 PAC and a moderate negative lag-3 PAC. In contrast, the PACF that accounts for measurement error (eqn 1) gave a stronger negative lag-2 PAC and a lag-3 PAC close to zero (Fig. 2b) . This pattern of the PACF could be produced by simple cyclic dynamics driven by predator-prey or consumer-resource interactions with no other factors creating time lags.
 
The mean wing lengths of T. gracilentus males varied between 2·6 and 3·15 mm, with wings tending to be longer at KS than SN (Fig. 3) . Furthermore, wing lengths of the overwintering generation tended to be greater than the summer generation, as might be expected due to the longer growing time at cooler temperatures (Hashimoto 1968; Kramer, Greiner & Gibbs 1985) . Mean male wing length was a good estimator of female wing length; for the 17 samples from summer generations, r = 0·95 (P < 0·001, d.f. = 15).
In addition to T. gracilentus, we measured the wing lengths of four chironomids, one species, the tanytarsine M. lindrothi, which is ecologically similar to T. gracilentus, and three species which are ecologically dissimilar. The wing lengths of M. lindrothi showed the same general dynamics as those of T. gracilentus (Fig. 3) , and there was a strong positive correlation in mean male wing length between species (r = 0·723, summer generation). In contrast, the wing lengths of Cricotopus sylvestris, C. tibialis and Orthocladius consobrinus were not correlated with those of T. gracilentus. Because it is ecologically similar to T. gracilentus, M. lindrothi would be expected to be similarly influenced by variation in resources, so the correlation between wing lengths for these two species lends support for using wing length as a surrogate for resource abundance and /or quality.
- . - 
Cyclic dynamics such as those shown by T. gracilentus are characteristic of exploiter-victim interactions. Here, we consider the alternative hypotheses that T. gracilentus dynamics are driven by consumer-resource interactions, predator-prey interactions, or a combination of the two. We use autoregression models which include both T. gracilentus-resource and predator-T. gracilentus interactions (eqn 2) to test which of these hypotheses best explains the observed data (Fig. 4) .
There were two models of the form of eqn 2 that had BIC values very close to each other. The model shown in Table 1 had a positive effect of wing length on T. gracilentus abundance, b 12 , and a negative effect of T. gracilentus abundance on wing length, b 21 . Because wing length should be positively related to resource abundance/quality, this pattern is expected for consumer-resource interactions. The model also included effects of season s(t) on all variables, indicating that T. gracilentus abundance, wing lengths, and predator abundance all tended to decrease between overwintering and summer generations. Another model (not shown) had a slightly lower BIC value (260·06 vs. 260·68). This model, however, contained a positive effect of predator abundance on T. gracilentus abundance, b 13 , and no effect of season on predator abundance, b 34 . The increase in the population abundance of T. gracilentus when predators were more abundant implied by this model is not consistent with predator-prey interactions. We suspect that the positive coefficient for the effect of predator abundance on T. gracilentus is a spurious correlation caused by predators responding to resource abundance/quality in a way similar to T. gracilentus. The chironomid predators are facultative detritivores (Berg 1995) , and if they were more sensitive to detritus abundance/quality than T. gracilentus, their populations would respond more rapidly to declines in resources than T. gracilentus, leading to a spurious positive correlation between predator abundance and changes in T. gracilentus abundance. This pattern is apparent in Fig. 4 , in which predator abundance often declines 1-2 generations before declines in T. gracilentus abundance. Because the model with the lowest BIC value is not biologically plausible, and because the BIC value for a biologically plausible model is only very slightly higher, we treat the model in Table 1 as the best-fitting model.
Employing the AIC to select the best-fitting model leads to the same conclusions. The best-fitting AIC model is identical to the model given in Table 1 , except that it includes both the positive effect of predator abundance on T. gracilentus abundance, b 13 , and an effect of season on predator abundance, b 34 . As described above, we interpret the positive value of b 13 as spurious, and inclusion of b 34 does not introduce predator-prey interactions into the model.
The best-fitting model suggests that T. gracilentus dynamics depend on consumer-resource interactions. To test explicitly that consumer-resource interactions are important for T. gracilentus dynamics, we statistically compared the model under the null hypothesis (H 0 ) of no interactions ( Table 1 . Coefficient estimates for the best-fitting autoregression model for eqn 2 describing the interactions between log T. gracilentus abundance (x), wing length (w) as a surrogate for resource abundance, and predaceous chironomid log abundance ( y). The effect of season is also included (s) 
 .  
The cyclicity of the T. gracilentus dynamics suggests that much of the variability in T. gracilentus abundance is caused by endogenous factors, specifically consumer-resource interactions. None the less, T. gracilentus is also sensitive to environmental fluctuations, such as wind and temperature during adult swarming, and overwintering conditions.
To analyse the amplification of exogenous variability by endogenous processes, we fit the model of eqn 3 which gives T. gracilentus dynamics in terms of log abundance and wing length ( Table 2) . The model showed a strong positive effect of wing length (resource abundance or quality) on the per capita population growth rate of T. gracilentus, b 12 , and a strong negative effect of T. gracilentus abundance on the change in wing length, b 21 . There were negative seasonal effects , and log predaceous chironomid abundance (lower solid line) data averaged between the two traps. These data were used in the autoregressive models, eqns 2 and 3.
on both abundance and wing length, indicating that population size and wing length decreased between the first and second generation of each year.
To measure the amplification of exogenous variability by endogenous processes, we used the ratios σ x */σ ε 1 and σ w */σ ε 2 , the standard deviations of the true (unobserved) log abundance and wing length relative to the standard deviations of the corresponding process errors, while extracting the effect of seasonality. The values of σ x */σ ε 1 = 2·23 [1·30, 13·3] (approximate 95% confidence interval) and σ w */σ ε 2 = 2·12 [1·42, 4·57] imply that endogenous processes more than double the standard deviations of log abundance and wing length. Because T. gracilentus abundance is measured on a log scale, this result implies that endogenous processes amplify exogenous variability to more than double the order of magnitude of the variability in T. gracilentus abundance.
The separation of exogenous and endogenous sources of variability can also be seen in the comparison among the covariance matrices obtained from the model ( Table 2 ). The variances of the observed log abundance and wing length, x(t) and w(t), are greater than those for the estimated true log abundance and wing length, x*(t) and w*(t), as a consequence of the measurement error given by the covariance matrix Ψ γ . Owing to the effects of consumer-resource interactions in the model, the variances of x*(t) and w*(t) are much larger than those for the environmental process error given in the matrix Ψ ε .
The importance of endogenous processes in amplifying exogenous variability is illustrated in Fig. 5 . The top two panels give the observed log abundance and wing length of T. gracilentus. Immediately below, the two panels give a typical realization of the stochastic model given by eqn 3 with measurement error included. Note that the simulated data capture the general dynamical characteristics of the real data; perfect correspondence between the simulated and real data is not expected, because the process errors in the simulation are selected from a normal random number generator. The third set of panels from the top gives the process error estimated from the observed data; these are the residuals between the estimated values of log abundance and wing length and those values predicted from the autoregressive process in eqn 3. For the case in which b 11 = b 12 = b 21 = b 22 = 0, the dynamics of log abundance and wing length would be given solely by the process error. Finally, the lowest two panels give the process error in the simulation model leading to the dynamics in the two panels second from the top. The greater variability in log T. gracilentus abundance and wing length in the top two pairs of panels relative to the lower two pairs of panels illustrates the role of endogenous processes in amplifying exogenous variability.
Discussion
Our analyses have supported the hypothesis that the high-amplitude cyclic fluctuations in T. gracilentus abundance observed in Lake Myvatn are driven by consumer-resource interactions. The autoregressive model including T. gracilentus and wing length (eqn 3) can explain the observed dynamics of T. gracilentus by consumer-resource interactions. We also tested the alternative explanation of T. gracilentus fluctuations being driven by predator-prey interactions in which T. gracilentus is the prey and two species of predaceous midges are the predators. The dynamics of T. gracilentus and midge predators were not consistent with predator-prey interactions.
These conclusions are based on the patterns observed in the data, and therefore they are based on correlations. There could potentially be other causes of cyclic fluctuations in T. gracilentus abundance. Although we can exclude midge predators as potential causes of cyclic fluctuations, Lake Myvatn has a large population of Gasterosteus aculeatus (three-spined stickleback), a planktivorous and benthic-feeding fish species that attacks midges. Sampling fish densities commenced only in 1989, and therefore the data are not as extensive as those for T. gracilentus and chironomid predators. None the less, using the available 11 years of data (Gíslason, Gudmundsson & Einarsson 1998) , we performed analyses for T. gracilentus-fish interactions parallel to the analyses we performed for T. gracilentus-chironomid predator interactions. Although fish densities varied by two orders of magnitude over the period 1989-99, the interactions between T. gracilentus and fish (b 13 and b 31 in eqn 2) were not included in the BIC best-fitting model, and the null hypothesis that T. gracilentus-fish interactions are not responsible for T. gracilentus dynamics was not rejected by the bootstrapped log-likelihood ratio test. Although the length of the time-series including fish is limited, the data reveal no indication that T. gracilentusfish interactions are driving the cyclic dynamics of T. gracilentus. A key to analysing the dynamics of T. gracilentus was incorporating measurement error explicitly into the stochastic models. The importance of accounting for measurement error was demonstrated in the partial autocorrelation functions (PACF) computed for T. gracilentus abundance. Under the assumption of no measurement error, the PACF contained only a weak negative lag-2 partial autocorrelation (PAC) and a negative lag-3 PAC. Incorporating measurement error led to a PACF with a stronger negative lag-2 PAC and a lag-3 PAC close to zero. Thus, the PACF including measurement error reveals a more simple correlation structure, a structure that could be produced by the interactions between consumers and resources involving no further time lags than those inherent in the consumerresource interaction. Similarly, in the stochastic model for consumer-resource interactions (eqn 3), factoring out measurement error clarified the sources of T. gracilentus population variability. The variance attributable to measurement error was similar in size to the variance estimated for exogenous environmental sources (process error). If measurement error were not accounted for, much of the measurement error variance would be assigned to process error in a stochastic model (analysis not presented). The resulting increase in the estimate of process error would in turn decrease the estimated amount of variance in population abundance of T. gracilentus attributable to consumer-resource interactions. Thus, by accounting for measurement error, we have produced a larger and more accurate estimate of the importance of consumer-resource interactions in driving the high-amplitude fluctuations in T. gracilentus dynamics.
The model of consumer-resource interactions also demonstrated the degree to which these interactions can increase the magnitude of fluctuations in T. gracilentus abundance. The model suggests that consumer-resource interactions will amplify the exogenous variability affecting the T. gracilentus system, such that the order of magnitude of the variation in abundance is more than double the order of magnitude of the variation in the per capita population growth rate. Thus, consumer-resource interactions not only Table 2 (panels second from the top), estimated process error from the data (panels third from the top), and process error in the simulated data (lower panels). The lower two pairs of panels give the dynamics which would occur if all variability in the T. gracilentus system were driven by exogenous sources.
